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Summary

In the wake of a changing defense climate, the Navy is continuing to
find ways to adjust to its smaller size while maintaining its ability to
respond when required. An important part of the strategy is to mon-
itor readiness during the downsizing process.

The first step toward managing readiness is to understand what readi-
ness is and why it changes over time or among units. This paper con-
tributes to the further understanding of readiness by identifying the
relationship between standard readiness measures and their determi-
nants for Navy fighter (VF), attack (VA), and fighter/attack (VFA) air-
craft.! The analysis is an extension of our earlier work on explaining
the readiness of surface combatants.? Our objective was to build a
comprehensive database of Navy fighter and attack units over time
and identify readiness trends and relationships between readiness
determinants and readiness measures where they exist.

We analyzed unitlevel readiness data for VA, VF, and VFA squadrons.3
We built a set of equations around three readiness resource areas:
personnel, equipment, and unit training. Using regression analysis,
we are able to demonstrate the impact of a change in the determi-
nants.

We find that:

® The readiness of Navy fighter and attack units shows evidence
of a peak in the early 1990s and a low point in the early 1980s.

1. The work is sponsored by the Deputy Undersecretary of Defense for
Readiness and N81.

2. See Robinson et al., 1996, or Junor and Oi, 1996.

3. The data are for individual squadrons, monthly from January 1982
through December 1995.



Current readiness is generally high, but suffers from unit train-
ing problems.

Fully mission capable (FMC) rates and Status of Resource and
Training (SORTS) equipment scores measure different dimen-
sions of aircraft equipment condition and should not be used
interchangeably.

Different type/model/series (TMS) of aircraft have signifi-
cantly different readiness profiles. For example, the F/A-18
typically has relatively low scores for training but performs well
in the areas of personnel and equipment condition.

Personnel quality remains an important driver of readiness.
Training depends on FMC flight hours.

The readiness of a squadron depends, in part, on the readiness

of its carrier.

The paper includes sections on:

The output measures of readiness and why we chose them. The
discussion includes a description of the data and of changes
over time.

Our analytical method and how our model is laid out.

Our results, equation by equation—including both a theoret-
cal discussion of our prior expectations and estimates from the
data.?

Our personnel quality index for aircraft squadrons.6 Using this
index, we can demonstrate the sizeable impact of the increase
in squadron enlisted quality on readiness. The results indicate

4. We could not find a statistical relationship between the readiness of a
squadron and its base.

5. Actual regression coefficients and technical notes are reserved for the
appendices.

6. Readers familiar with the index as applied to surface combatants will
find many similarities.



that enlisted quality is an important asset not only for personnel
readiness but for FMC rates and ultimately for training readi-
ness as well.

e A synopsis of our findings and how they could be used to help
manage readiness.
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Measures of readiness

SORTS

We measure readiness using historical data from SORTS and data on
FMC rates.

We used the Status of Resources and Training System (SORTS) scores
to measure readiness in the areas of personnel and training.7 Readers
unfamiliar with SORTS can think of it as a grading system for the
status of resources in four areas: personnel, supply, equipment, and
training. It captures only some aspects of readiness (focusing on
resource sufficiency and completion of training events). It is often
used as a proxy for readiness more generally and does incorporate
some of the commanding officer’s opinion on the readiness of the
unit.

SORTS scores are computed by all units in all services. Each unit com-
putes a series of ratios for each resource area that measures the quan-
tity of a resource compared to what the ship was designed or
authorized to carry. These percentages are transformed into ordinal
scores in each resource area.® The scores range from C1 to Cb, with
C1 being the highest score. Typically, units are at least C2 to deploy.
C5 is reserved for squadrons undergoing depot maintenance leaving
C4 as the lowest operating score. Once scores for each resource area

7. We do not explain squadron supply readiness in this paper. Because the
squadron’s supplies are so closely linked to (or controlled by) the host-
ing base or carrier, we regard supply as being exogenous to squadron
readiness. In other words, the impact of measures of supply readiness
are important to squadron readiness, but they are determined outside
the squadron.

8. Scores are also computed by primary mission area (e.g., mobility and
antiair).



have been computed, the squadron takes the lowest of these scores
and uses it as an overall measure of the squadron’s resources. Unit-
level scores are reported to the type commanders, fleet commanders,
unified commanders, and, ultimately, the National Command

Authority (NCA). Units must submit revised scores within 4 hours of
a change in status.

We used SORTS scores as our readiness proxy for personnel and
training because it was the only widely used measure of readiness and

the only one available at the squadron level going as far back as the
early 1980s.

SORTS trends since 1980

The first step toward understanding squadron readiness is to see how
it changes over time. These changes are shown in figure 1.

Figure 1. Overall SORTS for fighter and attack squadrons
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This chart shows a time series of overall SORTS scores for active duty
VF, VA, and VFA squadrons. Each point represents the average
percentage of time squadrons spent in either Cl or C2 in a month
from 1980 through 1995. The data are for deployed and nonde-
ployed squadrons. The continuous black lines through both the
deployed and nondeployed series are a smoothed version of the data.
The purpose is simply to help identify general trends.

The overall SORTS score reflects the lowest score given in four
resource areas: personnel, supply, equipment, and training. The
figure identifies the weakest resource areas over time. The height of
the marker represents time in Cl1 or C2; the type of marker reflects
the driving resource area. The problem areas are almost always per-
sonnel and training.

A notable characteristic of these data is the variability. Movements
from month to month are extremely noisy and offer little hope for
accurately predicting short-run movements in readiness. Even
attempts to smooth the data sacrifice a lot of the information (as seen
by the amount of data distant from the solid line). This means that,
at best, we will probably be able to predict or explain broad, general
movement in readiness.

Generally, the data show a growth in readiness over 15 years. The data
also reflect at least a portion of the Navy’s hollow period following the
Vietnam War—a period usually considered to begin in the late 1970s
and extend to the early 1980s. Our data only start in 1980, but we see
that these units were at their 15-year low in early 1981. On average,
deployed squadrons were mission ready only 30 percent of the time.
Clearly, a deficiency in personnel readiness was a leading cause of the
problem. Later, we will see that personnel quality may have been the
dominant problem.

Over time, the Navy pulled out of this trough and appeared to be at
peak readiness around 1989. There was a rather long period of rela-
tively high readiness spanning about 8 years. At that point, training
issues quietly replaced personnel as the weakest resource area. From
1989 until mid 1995, overall SORTS, still led by training, was falling.
Although a few months of data suggest that the Navy has begun to
recover on the deployed side, nondeployed scores were still declining



at the end of 1995. The reason codes behind these particular data are
often not informative. One of the most common reasons cited for not
being C1 in training during the last 5 years is “other.” More informa-
tive reasons suggest problems accomplishing or completing training
either because there was no access to a training area or because of
administrative or operational commitments. A lack of necessary
equipment (including weapons) is also a common reason for the
decline.

Deployed and nondeployed squadrons appear to move together
throughout most of these series. Only in the last several months have
we seen any evidence suggesting that the nondeployed squadrons are
being sacrificed for the deployed squadrons. Because of the limited
number of observations hinting at this possibility, it is too early to tell
if this is happening.

Fully mission capable rates

We found that fully mission capable (FMC) rates were the best single
measure of equipment condition. An aircraft FMC aircraft is one that
is able to perform all its missions. FMC rates are computed for three
different levels: for individual aircraft, as daily spot checks for the
squadron and as a percentage of time for the squadron. Here we use
the percentage of time that the aircraft in a squadron are able to per-
form all of their mission areas.

There are many common measures of aircraft equipment condition:
equipment SORTS, fully mission capable (FMC), mission capable
(MC), partially mission capable due to supply (PMCS), partially mis-
sion capable due to maintenance (PMCM), not mission capable
(NMC), not mission capable due to supply (NMCS), and not mission
capable due to maintenance (NMCM).

To determine the best single measure of equipment condition, we
applied an indexing technique, called principal component analysis,
to these variables.? The first of the two indexes explains 80 percent of

9. Principal components is a mathematical means of forming indexes
from a group of variables. It has the property of accounting for the max-
imum possible amount of variation in the data, using a simple weighted
average of the variables.



the information in the data. Upon plotting the data, we realized that
this weighted average was nearly 99 percent correlated with the FMC
rate. This suggests that of the seven original variables, FMC is the
most representative of the information. For details, see appendix A.

The second principal component, or index, appears to be almost
entirely weighted on equipment SORTS. This suggests that FMC rates
and equipment SORTS systematically measure different dimensions
or aspects of squadron readiness. Upon further investigation, we
learned why this might be true:

® Equipment SORTS measures the number of available aircraft velative
to M+1 requirements.lo Its purpose is to monitor whether the
squadron has a sufficient number of capable aircraft. Because
of the frequency of scheduled and unscheduled maintenance
actions, SORTS does not require maintenance actions to count against
the readiness status as long as the aircraft is expected to be operational
within 24 housrs.

® FEMC rates measure the percentage of time that aircraft ave fully able to
meet the missions they are required to meet. This measure is meant to
be an accurate portrayal of the availability of mission ready air-
craft. Therefore, it includes downtime associated with all maintenance
actions.

FMC trends since 1980

FMC rates indicate that equipment condition for tactical aircraft is
fairly strong throughout our data period (see figure 2). Data from the
early 1980s show strong growth until late 1986. At first, we thought
that this growth reflected the introduction of the new, more reliable
F/A-18s; however, we saw similar growth patterns for the F-14s. Since
1986, the FMC rates varied around 65 percent but did not show a pro-
nounced upward or downward trend.

10. M+1 requirements refer to the resources necessary the first day after
mobilization for a major contingency.
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Modeling

In this paper, we are trying to understand the relationship between
determinants of readiness and standard measures of readiness in the
resource areas of personnel, equipment, and training. In some cases,
measures of readiness in one resource area are determinants of readi-
ness in another area. The following diagram illustrates some of the
relationships that we explored in our analysis.11 Personnel readiness,
for example, could influence equipment readiness (FMC rates) and
unit training. The impact on unit training could be direct, or indi-
rect, through equipment readiness.!?

Figure 3. A theoretical model of readiness
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We test the hypotheses involving determinants and measures of
readiness by building a group of equations around the measures. We

11. Dashed lines indicate relationships that we believe are theoretically pos-
sible but were unable to substantiate.

12. Cavalluzzo and Horowitz (1987) present the interrelationships between
readiness and resource areas.

11



use regression analysis to identify relationships. Figure 4 represents
this group of related equations. The equations contain three support-
ing equations for equipment condition: an equation explaining the
number of failures relative to flight hours, and two others explaining
the relationship between onsite repairs, the inventory of repairables,
and equipment readiness.

Figure 4. An illustration of the readiness equations
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One can imagine a similar system of equations with arrows pointing
in all directions, so that each equation feeds into the next. This type
of system would present great difficulties in sorting out relationships.
In the present case, our knowledge of the process and initial estimates
suggested that the structure was much simpler.13 For example, we felt
that equipment condition was an input to unit training, but that unit
training was not an input to equipment condition.

18. Cavalluzzo and Horowitz’s theoretical relationship among resource
areas tend to support this claim.



Readiness equations

Personnel

In this section, we first present our prior expectations about the
effects of particular readiness determinants. We then turn to mea-
sures and empirical evidence of effects. Subsections deal with individ-
ual resource areas, starting with personnel.

As our measure of personnel readiness, we use the fraction of time
the squadron spent in C1 for personnel according to SORTS.!* This
measure is designed to identify the extent to which the squadron has
enough personnel and the ability to allocate those personnel to spe-
cific jobs (where the allocation is based on factors such as seniority,
job speciality, and training).

With this in mind, we would expect variables reflecting the quantity
of enlisted and officer personnel to have a positive impact on person-
nel readiness.'®> We would also expect variables reflecting personnel
mrnover to have an adverse effect. There are two reasons for this:

¢ High wrnover suggests that many people do not have a lot of
experience with that particular unit. One could imagine a
mechanic with only A-6 experience reassigned to an F/A-18
squadron. He may be quite capable, but there will be a learning
curve associated with his arrival.

14. We have chosen to measure SORTS as percentage of time in Cl rather
than C1 or C2 because C1 is probably less gamed than C1/C2. The ratio-
nal is that commanding officers are more likely to game from C3 to C2
(the lowest you can still deploy) than from C2 to C1.

15. The variable measuring the quantity of enlisted personnel is actually a
ratio of available personnel (weighted by pay) to required personnel.
Weighting personnel by pay ensures that losses of senior personnel are
felt more strongly than losses of junior personnel.

13
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® High turnover takes away from unit cohesion. Although SORTS
does not measure cohesion directly, it may sway a commander’s
assessment of his unit’s readiness.

The quality of enlisted personnel should also have a positive influ-
ence on personnel readiness despite the fact that it isn’t directly
measured by SORTS reporting. Brighter, more experienced person-
nel may be more likely to have skills that match the unit’s require-
ments and may be more easily cross-trained. Furthermore,
commanders may subconsciously consider quality to be a substitute
for quantity at the margin.

Other factors may help explain differences between personnel readi-
ness levels either between squadrons or over time. The first is the type
of aircraft within the squadron. Some aircraft types, most notably the
F/A-18, simply have different manning requirements than their
older counterparts. We also expect readiness to change over the
course of a deployment with deployed squadrons being the most
ready and nondeployed showing an improvement in readiness as
their next deployment approaches.

Estimation method

We tested for the above relationships by using regression analysis to
estimate equation 1 below, '8

Personnel = P(enlisted manning, enlisted turnover, enlisted personnel quality,

officer turnover, deployment indicator, TMS indicators) (1)

The equation seeks to explain the fraction of time that squadrons are
C1 for personnel each month. Figure 5 illustrates how the average
actual value matches with the average predicted value over time.
While our estimates are close toward the end, we only pick out the
general trend for most of the time period.”

16. We used a logistic equation to estimate personnel readiness.

17. Appendix B contains the original coefficients and a technical
explanation.



Figure 5. Estimated versus actual personnel readiness
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Estimation results—the impact of personnel drivers

As expected, we find that measures of the quantity and quality of crew
personnel significantly affect the fraction of time a squadron is C1 for
personnel. Table 1 summarizes the effect of the determinants. The
table shows how the percentage of time that a squadron spends in C1
changes in response to a specified change in one of the determinants.

Among the determinants, the personnel quality index (for enlisted
personnel) had the strongest impact on personnel readiness. Because
this variable is measured as an index, there is no intuitive interpreta-
tion of what a 10-percent change means. We can, however, take advan-
tage of the historical aspect of our data and use benchmarks
(historical highs and lows) to illustrate the impact of personnel qual-
ity on readiness. The next section expresses the impact of personnel
quality in this way. Not surprisingly, squadron manning is also posi-
tively associated with personnel readiness. We see that a 10-percent
increase in the number of enlisted personnel relative to requirements
causes a 2-percent increase in time in Cl. Other statistically signifi-
cant drivers are officer and enlisted turnover; however, their impact
is very small. A 10-percent increase in either only causes time in C1
for personnel to drop by a few hours per month.

15



Table 1. The impact of drivers on personnel readiness

Resulting change in

Significant drivers personnel readiness
Deployed relative to nondeployed 7%
A-7E relative to A6-E 65%
F-14A relative to A6-E 5%
F-14B relative to Ab-E 44%
F-14D relative to A6-E 23%
F—4S relative to A6-E 1%
F/A-18A relative to A6-E 84%
F/A-18C relative to A6-E 62%
An increase in enlisted personnel quality é

A 10% increase in manning 2%
A 10% increase in officer 3-month turnover -0.2%
A 10% increase in enlisted 3-month turnover -0.6%

a. The impact of personnel quality is reserved for the following section.

Aside from the impact of personnel quality, the deployment status
and the type of aircraft seem to be the most important explanatory
variables in this equation. A switch from nondeployed to deployed
status increases the amount of time that squadrons are ready by about
7 percent or 2 days per month. We also see that F/A-18 squadrons
seem to be significantly more likely to be ready than the other types
of aircraft.!8

Equipment condition: flight hours between failures

16

Flight hours between failures reflect how often squadrons experience
equipment failures. Generally, squadrons that have fewer failures
(more flight hours between failures) would be more likely to be
equipment ready.'®

18. We used the A-6s as the omitted class in each regression. The coeffi-
cients in the appendix are then interpreted relative to the A—6s.

19. Unfortunately, when we estimated the FMC equation, we did not see
this. We will discuss this finding more in the FMC section.



A fundamental determinant of flight hours between failures is the
type of equipment. For example, the F/A~18 was designed to be par-
ticularly reliable. Another basic determinant should be measures of
use such as utilization rates or the number of sorties per aircraft. Fur-
thermore, we would expect different effects depending on whether
the planes were in an embarked environment.®

The place in the deployment cycle may also help explain differences
in the quantity of failures over time or between squadrons. Holding
the effect of carrier landings constant, deployed squadrons should be
more ready, experience more flight hours between failures, than non-
deployed squadrons. Nondeployed squadrons should show an
improvement in the number of failures as their next deployment
draws near. The rationale is that squadrons take advantage of not
being deployed to correct problems incurred during the last deploy-
ment.

Estimation method

We estimate the number of flight hours between failures monthly for
each squadron using equation 2 below.

Flight Hours Between Failures = Flutilization, months since last deployed,
sorties, TMS indicators) (2)

The determinants, taken together, provide significant explanatory
power. Figure 6 shows how well average predicted values match aver-
age actual values over time. Again, we appear to explain the general
trend in failures relative to flight hours, but we do not replicate the
high variance of the actual data.?!

20. An embarked environment is notoriously hard on equipment because
of landings, exposure to salt water, confined areas, and a complete
dependence on the carrier.

21. We tried estimating separate equations for each aircraft type in order to
reduce the noise and increase our explanatory power. Generally, these
equations did not yield significant coefficients.

17



Figure 6.
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Estimation results—the effect of drivers on flight hours between

failures

The number of failures between flight hours appears to be almost
entirely a function of the type of aircraft, its position in the deploy-
ment cycle, and how often the aircraft are being used. Table 2 sum-
marizes the impact of the statistically significant variables.

The actual impact of moving from nondeployed to deployed status
does not have an important impact on failures despite the fact that it
is statistically significant. As the months pass since a squadron was last
deployed, however, there are significantly more flight hours between
failures. We believe this reflects a few things. First, just after a deploy-
ment, aircraft commonly undergo a lot of intensive maintenance.
Often this level of maintenance is accompanied by an increase in the
frequency of failures as problems are being worked out. Second,
approaching deployment causes an increase in the amount of flight
hours as the unit trains. If failures increase less proportionately with
flight hours, we could merely be seeing the number of failures diluted
by a significant rise in flight hours. Finally, the impact of the



Table 2. The impact of drivers on flight hours between failures

Resulting changes in
the number of flight
hours between

Significant drivers failures
Deployed relative to nondeployed 0.002
A-7E relative to A6-E 0.19
F-14A relative to A6-E 0.03
F-14B relative to A6-E -0.05
F-14D relative to A6-E 0.36
F—4N relative to A6—E 0.23
F-4S relative to A6-E 0.20
F/A-18A relative to A6-E 0.83
F/A-18C relative to A6-E -1.10
A 10% increase in the months since deployment 0.006
A 10% increase in the number of sorties per aircraft 0.01
A 10% increase in the utilization rate 0.02

deployment status may be captured by the sortie and utilization
variables—deployed planes fly more than nondeployed planes.

We did find a significant relationship between the number of sorties
flown per aircraft and the flight hours between failures. We found
that, overall, an increase in the number of sorties flown has a positive
effect on flight hours between failures. However, there does appear to
be a difference when we divide sorties by deployment status. In fact,
we see that deployed sorties have a significant negative impact on
flight hours between failures.?? This probably reflects the trauma that
the carrier environment inflicts on the aircraft. The utilization rate of
aircraft (the number of flight hours flown per aircraft) also has a pos-
itive impact on flying time between failures. A 10-percent increase
yields a slight increase of 0.02 in flight hours between failures. This
result is independent of deployment status.

22. The number in the table represents the total effect sorties has on flight
hours between failures. Note that the sign is positive, implying that the
deployed effect is smaller than the nondeployed.
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The final set of variables reflects the type of aircraft in the squadron.
The important thing to note here is that there are significant differ-
ence between the types and generations of aircraft. For example,
there are interesting differences between the two series of F/A~18s.
Switching to the F/A-18A from some aircraft other than an F/A-18
increases the number of flight hours before failure by 0.83. The same
switch for the F/A-18Cs, however, decreases flight hours between fail-
ures by more than one.

Equipment condition: the proportion of AIMD repairs

20

The proportion of repairs logged at the Aviation Intermediate Main-
tenance Department (AIMD) that are actually done at the AIMD level
is important to readiness because of the sizeable cost inherent in
sending the “black box” to the depot.?8 On the surface, it seems plau-
sible that readiness should be improved by an AIMD that is clever
enough to do its own repairs, thereby bypassing the slow depot pro-
cess. Given that a part requires a repair, it would seem that the more
often the repair was done locally, the better the stock of working
repairables, and the higher the FMC rate for that squadron.

Those things that should theoretically affect the AIMD would include
the quality and quantity of the ship and squadron personnel. The
theory is that an adequate supply of talented mechanics may find ways
to fix parts locally or perform better preventative maintenance, leav-
ing all but the most extreme cases for the depot level.

The equipment readiness of the carrier or base should ultimately
have an impact on its ability to repair items. This equipment ranges
from the highly technical test benches to the lower-tech cranes and
elevators. To repair items locally, these pieces of equipment must
work properly. We also expect that the availability of supplies is
important in allowing onsite repairs.

The other primary set of variables relevant to the proportion of AIMD
repairs is the TMS of the aircraft. There are major differences in the

23. Note that this variable refers only to repairs sent to the AIMD and thus
will not include organizational-level activity.



way some of the aircraft represented in this analysis are constructed.
Specifically, the F/A-18s are made of modular components, most of
which are computer driven. When a part goes bad, the aircraft is
designed so that the entire broken “black box” can be removed and
replaced by a working one. This simple “remove-and-replace” proce-
dure often takes place at the organizational level. Often the damaged
black box is then sent to the depot. The total downtime is minimal,
but probably a higher percentage of repairs are sent off site. In con-
trast, the F-14 uses older technology, and repairs can be done by the
local mechanics.

We also expect to see an effect when a new series is introduced. A new
series often has the support of the contractor when it first comes into
the fleet. Because these contractors take care of most all repairs, few
items are sent to the depots. Once the contractors leave, the AIMD
and squadron personnel must learn the new system, and we would
expect to see evidence of this learning curve in the ratio of onsite
repairs. As a plane ages, personnel become more familiar with its
repairs, and, if other factors are held equal, the proportion of AIMD
repairs rises.

Estimation method

This equation explains the fraction of items sent to the AIMD that are

actually repaired there.?*

AIMD repairs = A(carrier personnel quality, squadron personnel readiness,

deployment indicator, consumables on hand, the number of
Jailures, age of the aircraft series, TMS indicators) (3)

Figure 7 indicates that the equation provides a fairly good fit for panel
data. Once again, we have captured the general trend quite well, but
miss on the variation in the original data. The determinants, taken
together, have a significant impact on the repair rate.

24. See appendix B for technical details.
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Figure 7. Actual versus estimated fraction of AIMD repairs
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Estimation results—the effect of drivers on the proportion of

AIMD repairs

We found that, in general, personnel readiness, the supply of con-
sumables, and the TMS of the aircraft are the primary drivers of the

proportion of onsite repairs per month. Table 3 lists our significant
findings.

What we did not find was often as interesting as what we found. For
example, we found no evidence that the readiness of the carrier or
base influenced how many repairs were done locally. This may be
because we included measures of the quality of those personnel and

the amount of supplies on hand, which left little room for the carrier
or base readiness to have an impact.

We also found that the personnel readiness of the squadron (mea-
sured as the number of days the squadron was in C1 for personnel)



Table 3. The impact of drivers on the proportion of onsite repairs

Resulting
changes in the
proportion of
items repaired at

Significant drivers the AIMD
Deployed relative to nondeployed 2%
A-7E relative to the A—6E -0.2%
F-14A relative to the A—6E 2%
F-14B relative to the A-6E 3%
F-14D relative to the A-6E -3%
F-4N relative to the A—6E -5%
F/A-18 relative to the A-6EA -3%
£/A-18C relative to the A-6E 2%
A 10% increase in the amount of consumables on-hand 0.21%
A 10% increase in the number of failures 0.08%
A 10% increase in the age of the aircraft series 0.38%

An increase in the quality of the ship’s enlisted crew a

a. The impact of personnel quality is reserved for the following section.

had no significant effect on AIMD repairs. The personnel quality of
the ship, however, had a very significant effect. 2

The impact of the local supply of consumables was also surprisingly
small. A 10-percent increase in this measure increased the proportion
of onsite repairs by less than one percent. The number of failures had
even less impact.

We found evidence of a learning curve with respect to new TMS. The
longer aircraft have been around, the more likely their repairs will be
done on site. Our hypothesis is that, over time, the AIMD personnel
become more familiar with the aircraft and its failures and learn how
to repair them.

25. Because a 10-percent increase in this index is not intuitive, we will eval-
uate the impact of personnel quality using a change in the index
defined by historical benchmarks. We do this in the next section.
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A major determinant of AIMD repairs is the TMS of the aircraft. The
modular design and the computer-driven avionics of the F/A-18
appear to be the reason why we find that this type of aircraft is associ-
ated with fewer onsite repairs. In contrast, we see that the more con-
ventional design of the F-14 is associated with more onsite repairs
(with the exception of the F-14D which appears to be less susceptible
to AIMD repairs).

Equipment condition: the percentage of repairables available
within one day

24

We will demonstrate later in this section that the stock of repairables
is an important determinant of the FMC rate. Theoretically, we also
expect that more repairs done on site will increase the carriers’s stock
of repairables, thereby improving the FMC rate. This equation
attempts to explain the availability of repairables and substantiates
the link between onsite repairs and the FMC rate.

We will use the likelihood of fulfilling a request for a repairable within
one day as a proxy for the stock of repairables. We have already dis-
cussed what is probably one important determinant of this probabil-
ity—the proportion of AIMD repairs. We might expect that the stock
of repairables would be responsive to the number of failures. Theo-
retically, the relationships could be either direct or indirect. On the
one hand, a large number of failures could drain the ship’s inventory.
On the other hand, if a squadron (or TMS) has a notoriously high
failure rate, we may see a compensating adjustment in the AIMD
(stock of repairables) to maintain FMC rates.

Other influencing factors may be differences between TMS and the
squadron’s deployment status. Deployed squadrons or squadrons
approaching deployment should have higher priority for replenish-
ing inventories.

Estimation method

This equation explains the proportion of requests for repairables that
were filled in one day or less.



Repairables on hand = R(proportion of items repaired at the AIMD,
deployment indicator, months since last deployed, the number
of failures, TMS indicators) 4)

Figure 8 compares our estimation with actual time series data. We are
clearly overpredicting the early part of the data. This early decline in

Figure 8. Actual versus estimated repairables on hand
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the number of on hand repairables may reflect a change in how
repairables were financed. In the mid 1980s, the fiscal responsibility
for repairables sent off site was shifted to the ship. This tended to
make the ship more conscious about the relative costs of repairing
items on rather than off site. One would expect then, that this policy
change would increase the inventory of repairables, but that this
change would work through the amount of items repaired locally. A
second effect of this policy change was that it made the supply bud-
gets more self-sustaining for the ships—and hence less susceptible to
budget cuts. If placing the supply budget in the control of the carriers
meant that they were actually better funded as a result, this may
explain the increase in the availability of repairables. Future work on
this equation should further explore this hypothesis.
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The later part of the series indicates that we have captured the gen-
eral trend, but once again leave much of the variation unexplained.

Estimation results—the effect of drivers on the proportion of
repairables on hand

Generally, our results support our prior assumptions about influences
on the stock of repairables. (See table 4.) One of the most important
drivers is the proportion of AIMD repairs. A 10-percent increase in
the number of repairs that are repaired locally increases the likeli-
hood of having a repairable on hand when requested by 2 percent.
We also see that deployed ships and ships approaching their next
deployment appear to have more repairables on hand. Again, this
supports the notion that deployed ships are able to maintain better
inventories than nondeployed ships. We did find a weak, positive rela-
tionship between the average number of failures and the stock of
repairables. Finally, there appears to be a difference between the
availability of repairables between TMS. Relative to repairables for A-
6s, those for F—-14s and F/A-18s are less likely to be available within a
day.

Table 4. The impact of drivers on the availability of repairables

Resulting changes in
the proportion of
repairables available

Significant drivers within one day
Deployed relative to nondeployed 1%
A-7E relative to the A—6E : 1%
F-14A relative to the A-6E -12%
F-14B relative to the A~6E -0.1
F-14D relative to the A—6E -11%
F—4N relative to the A-6E -65%
F/A-18 relative to the A-6EA -11%
F/A-18C relative to the A-6E -12%
A 10% increase in the proportion of items 2%
repaired at the AIMD

A 10% increase in the number of months 0.2%

since the squadron was last deployed



Equipment condition: the FMC rate

Theoretically, we expect something to affect a squadron’s FMC rate
either because it reduces the likelihood of an equipment failure or
because it increases the rate at which any repair is made. In this light,
we expect four general categories of FMC determinants:

* Those regarding the quality or quantity of personnel
® Those contributing to the wear of equipment

¢ Those relating to the availability of repair parts

¢ Those reflecting the design of the aircraft.

We expect that the quality and quantity of personnel should not only
improve the speed at which equipment is repaired, but may also
reduce the likelihood of failures. You could easily think of a scenario
in which having enough good people enables the squadron to per-
form excellent preventative maintenance.

Usage rates should also play an important role in the condition of a
squadron’s aircraft. Because planes are made to fly, we wouldn’t
expect the simple act of flying to adversely affect their condition. It
would be excessive flying or flying under adverse conditions that
would cause the problems. Another hypothesis revolves around the
impact of the carrier environment on the aircraft. For example, car-
rier landings are often referred to as controlled crashes because of
the force and strain that are placed on the aircraft (and the tailhook
and landing gear). Thus, we should see deployed sorties having a neg-
ative relationship with FMC rates.

The availability of repair parts also influences the FMC rate. The
simple theory is that the more supplies on hand, the faster repairs
and maintenance can be made. Faster repairs and more maintenance
easily translate into a higher FMC rate for the squadron.

The final category of influence reflects the design of the aircraft.
Some TMS, namely the F/A-18, are designed with high FMC rates in
mind. They are designed to fail less often. In addition, when a com-
ponent breaks, the aircraft is made so that the “repair” is nothing
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more than a remove-and-replace of a black box. Assuming an ade-
quate supply of black boxes (a repairable), the total downtime for
this type of activity should be minimal.

Modeling the data efficiently

Although we often look at readiness as a snapshot (what fraction
of our forces are ready right now), the data actually come in the
form of durations (for example, how long is a particular unit Cl1
for personnel). This brings up the question of whether there is a
way to explain the data that is truer to the form of the data and
more efficient.

One way to do this is to use the duration in a particular readiness
status as the dependent variable. For example, if a squadron was
in C1 for training for 3 years, the value of the variable to be
explained would be 3 years or 36 months. A difficulty in estima-
tion is that the explanatory variables will be changing over this 3
years, so it is not clear what to use on the right-hand side of the
equation. A number of indirect estimation techniques are avail-
able, but they are not very intuitive and are difficult to under-
stand.

One technique does take advantage of the structure of the data in
an intuitive and rigorous way. This technique is based on the sim-
ilarity of duration data to the data modeled in a Markov process—
so we will refer to the technique as the Markov technique.?® In
this project, we have illustrated the Markov technique on data for
FMC, the fraction of time that a squadron is fully mission capable.
By expressing current FMC as a function of the previous period's
FMC, this technique identifies two important probabilities:

® The probability of moving from FMC to not FMC
® The probability of moving back.

26. A simple Markov process in one where the probability of any one
outcome in a series of events is dependent on the outcome of the
most recent event.



These probabilities are then related to explanatory variables. The
technique has a number of attractive features:

® It can identify whether some variables have an effect on one
probability but not the other. For example, it may turn out that
quality of enlisted personnel is important in returning an air-
craft to FMC status, but that officer quality is the key to remain-
ing in FMC status.

® Itcan be applied to aggregated data. For instance, FMC applies
to a single aircraft, but we only have data at the squadron level.
The technique can be applied to the squadron-level data,
whereas other techniques for handling durations cannot.

e It can be estimated with readily available statistical software for
performing nonlinear regressions.

As a point of comparison for this technique, we also present the ordi-
nary regression estimates. (See estimation method (1) below.) These
specify FMC as a function of a number of explanatory variables and
the value of FMC in the previous period.

Estimation method (1): FMC as a continuous process

We first report the more common approach where we simply model
the percentage of the month that a squadron is FMC. This fraction is
estimated for each squadron and for all VA, VF, and VFA aircraft. We
used regression analysis to estimate the equation described below.

FMC = F(enlisted turnover, enlisted personnel quality, sorties, deployed
sorties, supplies on hand, months since last deployed, current
deployment status, the equipment readiness of the carrier; last month’s
FMC rate, TMS indicators) (5)

The model is estimated using a squadron’s last month’s FMC value as
a determinant of this month’s FMC. The reasoning here is that FMC
movements appear to be adjustments from last month’s value.?’

27. This phenomenon is called autocorrelation in the econometric or sta-
tistical literature. One cause of autocorrelation is a sticky or sluggish
process. If we believe that the movements in the variable are an adjust-
ment from the last period, we can address the autocorrelation issue by
including a lagged value of the dependent variable as an explanatory
variable.
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Figure 9.
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Figure 9 shows how the average actual values compare with the aver-
age predicted values over time. The actual and predicted values are
very close over the entire span of the data.

Actual versus estimated FMC rate
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Estimation results—the impact of drivers on the percentage of
time squadrons spend FMC

As expected, we find that personnel, supply, and equipment indica-
tors are significant drivers of the FMC rate. Table 5 lists the impact of
the most significant variables.

Supply-related variables, although statistically significant, have only a
modest impact on the squadron FMC rate. The equipment readiness
of the carrier also plays a small role. When the carrier spends 10 per-

cent more time in Cl for equipment, the squadron spends only a few
additional hours in FMC per month.

We also found that personnel variables were statistically significant.
Specifically, the quality of the enlisted squadron personnel is strongly



Table 5. The impact of drivers on FMC rates

A resulting

change in the
Significant drivers FMC rate
Deployed relative to nondeployed 9%
A7-E relative to A6—E -5%
F-14A relative to Ab-E -1%
F-14B relative to A6-E 1%
F-14D relative to A6-E -7%
F/A-18A relative to A6-E 4%
F/A-18C relative to A6-E 4%
A 10% increase in the amount of consumables on hand 0.3%
A 10% increase in the amount of repairables on hand 1%
A 10% increase in the number of days the carrier is C1 for 0.1%
equipment
A 10% increase in the number of sorties per aircraft 0.5%
A 10% increase in enlisted 3 month turnover ~1%
An increase in enlisted personnel quality @
A 10% increase in the months since the last deployment 1%
A 10% increase in the number of aircraft -1

a. The impact of personnel quality is reserved for the following section.

linked to FMC rates. We will discuss just how much it affects readiness
in the next section. Enlisted squadron turnover, as expected, has a
negative impact on FMC rates. The size of the effect is modest with a
10-percent increase in turnover reducing the percentage of time in
FMC by about one percentage point.

There is evidence of a deployment cycle. The process of moving from
deployed to nondeployed status is associated with an increase in FMC
of nearly 9 percent. That’s an additional 3 days that the squadron is
fully FMC per quarter. Furthermore, as the squadron moves farther
from its last deployment, we find that it spends more days per month
in FMC.

Related to the deployment effect is the effect of the number of sorties
flown per aircraft per month. Generally, the more sorties flown, the
higher the FMC rate. This result supports our assumption that
machinery needs to be used to keep it running well. On the other
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hand, our results tell us that deployed sorties are associated with
lower FMC rates. Again, this may indicate that carrier landings are
inherently rough on equipment.

The TMS of aircraft also help explain a squadron’s FMC rate. F/A~
18s have significantly higher FMC rates relative to the A-6 (our base
case), whereas F-14Ds have significantly lower rates.

Estimation method (2): FMC as a Markov process

The foregoing model of FMC rates is based on fairly standard empir-
ical methods that are often used in applications where either:

® There are no dynamic considerations
¢ Dynamics are present, but their exact form isn’t known a priori.

As noted earlier, we have devoted some resources to exploratory
development of a more structured model of FMC—i.e., a model in
which the underlying process take on an assumed form. This alterna-
tive analysis is based on the concept of a Markov chain, which is a par-
ticular kind of stochastic process. The model that arises from this
approach is more complex than what we get from the conventional
analysis, and is therefore more difficult to work with. However, it has
a couple of virtues when compared to the standard approach. These
are:

® Realism. Model building, by its nature, entails making tradeoffs
between realism and utility. All other things being equal, a
more realistic model is to be preferred, both because it is more
credible and because it is more portable—that is, it is more
readily applied to new situations. The Markov chain approach
makes use of some of what we know about the underlying
mechanics of the process by which the observed FMC rates are
generated. (Specifically, it accounts for the fact that the
reported FMC rate represents an aggregation of information
about individual aircraft.) Though still a simplification, it is
arguably more realistic than a conventional linear model. As
such, we would argue that using it is preferable to using a
conventional model so long as—and this is a crucial



qualification—the price that is paid in tractability is not too
high. (More on the tractability question below.)

® Accounting for observed autocorrelation. Our initial motive for look-
ing at a Markov-chain type of model was that we were searching
for an explanation for a specific characteristic that FMC data
routinely exhibit. That characteristic is autocorrelation (also
called serial correlation). A series of data is autocorrelated if
observations at different (typically adjacent) times are related.
Figure 9 shows monthly FMC data for F/A-18s. (The horizontal
line is the average over the relevant time span.) There are
formal statistical tests to detect autocorrelation, and for the
data in figure 9, they do indeed confirm that it is present. Less
formally, the fact that there are several spells during which the
FMC rates persistently remain above or below the mean is a
signal that autocorrelation may be present. Such spells can be
observed in figure 10.

Figure 10. F/A~18 data showing autocorrelation
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Autocorrelation matters because the usual hypothesis tests are invali-
dated if the data are autocorrelated. There are ways of dealing with
this problem in the usual linear modeling framework, but it is prefer-
able to inquire whether a model of the underlying dynamics might
give us insights into the cause of the observed autocorrelation and
suggest ways to deal with it. In this regard, the Markov chain model
was at least partly successful: It predicts that autocorrelation should
be present, and even predicts that the form of the autocorrelation
should be first order. 2 We have confirmed that both the F/A-18 data
shown in figure 9 and similar data for F-14s do indeed exhibit first
order autocorrelation. Still, the more conventional modeling
approaches have nothing to say about whether autocorrelation
should be expected, and so the Markov chain model can claim to be
able to explain at least that characteristic of the data in a way that a
more conventional model cannot.

Full technical details of the model and associated estimation proce-
dures are in appendix B. In the following sections, we provide a non-
technical description of the model, discuss some of its theoretical
implications, and present some preliminary empirical results based
on data for F/A-18s and F-14s.

Model structure

The basic idea behind the Markov chain model is that we consider
what is going on at the level of the individual aircraft. Although we
have no data on individual planes, we can nonetheless think about a
model of aircraft entry into and exit from the FMC state. We propose
a simple mechanism that characterizes the probability of any given
plane’s moving into or out of FMC, and then deduce from that what
the behavior of the overall fleet FMC rate should look like.

Figure 11 illustrates the essence of the model. We suppose that FMC
is a discrete state and that each plane, if itis currently in that state, has
a fixed and independent probability P; of leaving that state during

28. First order autocorrelation means that any given observation is corre-
lated with its immediate predecessor only; if you know the value of the
immediate predecessor, no other observation further back in time has
any additional predictive power.



the observation period. If a plane is currently not FMC, it has a prob-
ability P, of reentering the FMC state during that period. Given this
basic structure, it is possible to derive the probability distribution for
the state of the system at any time given that you know the state at
some initial time. Full details of that derivation and the conclusions
that can be drawn from it are in appendix B.

Figure 11. Diagrammatic representation of Markov chain model
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Development of this model is not yet complete, and the analysis pre-
sented here should be considered exploratory. However, we have
done some empirical analysis of a subset of the available data, and the
results so far suggest that the Markov chain model holds promise.
That optimism needs to be qualified, though, because estimation of
this model has presented some difficulties that are a bit out of the
ordinary.
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Preliminary estimation results—the impact of drivers on movements
in and out of FMC

With the above caveats, we now report results from applying the
Markov chain model to F-14 data. Figure 12 shows actual F-14 FMC
rates (Navy-wide) graphed with corresponding predicted values. We
produced the latter by applying the Markov model to a panel of indi-
vidual squadron observations and averaging the resulting predicted
values. Note that the results in figure 12 are for deployed squadrons:
We estimated deployed and nondeployed regressions separately. This
was done in the belief that explanatory variables may have different

effects depending on a squadron’s deployment status; the results
described below would appear to bear that out.

Figure 12. Actual and predicted FMC rates for deployed Navy F-14s
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Actual and predicted FMC rates appear to correspond reasonably
well. Note, however, that the predicted values are dependent on the
previous month’s actual values. Such relationships tend to give the
appearance of a close correspondence, so we do not ascribe great



importance to this as a goodness-of-fit indicator. Of greater interest
are the estimated effects of explanatory variables. Generally, we found
that measures of personnel readiness, supply, and the number of sor-
ties were strongly associated with FMC rates. Of particular interest are
how some of these determinants affected the probability of leaving
FMC versus the probability of returning to FMC. Table 6 shows how
the significant variables affect the FMC rate.

Table 6. The impact of drivers on the FMC rate

Resulting changes in the FMC rate

Significant drivers Deployed Nondeployed
Sorties per aircraft -0.61 1.14
Training SORTS (days in C1) 0.30
Percentage of requests for repairables 1.2
filled in less than a day

Officer turnover (3 months) 0.025

Enlisted personnel quality @ 2

a. The impact of personnel quality is described in the following section.

We found that the number of sorties per aircraft was significant for
both deployed and nondeployed F-14s. As before, the effect was
found to be of opposite signs according to whether the squadron was
deployed or not, with additional sorties having a detrimental impact
for deployed squadrons and a beneficial effect for nondeployed ones.
This also appears to validate the notion that the deployed and nonde-
ployed states are qualitatively different.

Training readiness had a significant, positive effect on nondeployed
FMC rates. A simple explanation for this would be that better trained
pilots are less likely to damage their aircraft. However, caution is war-
ranted when interpreting this result. The direction of causality could
run in the other direction; more training may occur in squadrons that
have healthier aircraft. Further investigation is needed to deal with
the possible simultaneity in this relationship.

The number of repairables on hand is a significant positive contribu-
tor to FMC rates for nondeployed F-14s. This variable is particularly
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interesting in the way it enters into the model, because we found that
it mattered mainly on the breakdown side rather than on the repair
side (that is, P; rather than Py). The implication is that having spares
readily available seems to help prevent planes from dropping out of
the FMC state, perhaps because they’re repaired so quickly that there
is no need to report them as not FMC.

We also found that officer turnover was significant for the deployed
F-14s. The impact was adverse and was felt mainly on the breakdown
side. Personnel quality, as measured by the personnel quality index,
was found to be significant in the deployed regression. It was impor-
tant on the repair side and had a beneficial effect, which is what we

would expect. 29

Possible extensions

Much more can be done both to firm up the work already developed
and to use the model with other aircraft TMS and other applications.
There are still unresolved methodological issues associated with
numerical estimation algorithms, goodness-of-fit measures, and
hypothesis tests. There are also potential uses for this approach in
short-run forecasting. To this end, we are looking at the possibility of
verifying some of the forecasts by working with other datasets that
may allow us to independently determine the entry and exit rates to
and from FMC status. Still, the difficulties inherent in this line of
attack should not be underestimated. We have reason to hope this
approach will be useful, but we cannot prove at this point that it is
superior to a more conventional modeling approach.

[The absence of] failures and the FMC rate

Our empirical findings did not support our prior expectation about
how the number of flight hours between failures affect the FMC rate.
We offer some explanation. First, the number of flight hours between
failures are merely a standardized way of counting the number of
reported failures. Many reported failures are not mission degrading.
Because so many are rather minor and can be repaired quickly, they

29. We tried other variables in these equations, but the variables were not
significant. They are listed in appendix B.



Training

never affect the FMC rate. At this point, we have found no way to sort
serious failures from trivial ones. This may be one reason why we are
unable to link failures to the FMC rate. A second reason may be that
higher failures are accompanied by larger stocks of spare parts, a
theory that is partially supported by our repairables equation.

Again we turn to SORTS for our readiness proxy. In this section, we
explain how determinants are linked to a squadron’s SORTS training
score.

SORTS training reflects the status of each squadron’s set of training
objectives. Squadrons aim to meet all the training requirements as
dictated by their training matrix.3 We want to show what things affect
the ability to meet these goals. Because training in any one specific
task does not expire daily or even monthly, the current level of deter-
minants (like flight hours) cannot explain the current levels of train-
ing. We need to look at some aggregation of these drivers. Often
training in any one event is good anywhere from 3 months to nearly
2 years. Since most of the events seem to expire well within the first
year, we considered aggregating training drivers over a 6-month
period to be a reasonable approximation.

We expect the quantity of flight hours accrued over the last 6 months
to have a significant effect on the amount of training the unit has had
the opportunity to accomplish. We also expect that the equipment
readiness would act as a constraint—only equipment fully able to per-
form its missions is able to train to those missions. In light of this the-
ory, we look at the effect of a 6-month accrual to FMC flight hours
(the FMC rate times flight hours).

We also expect a squadron’s deployment cycle and deployment his-
tory to affect its training readiness. Specifically, we expect squadrons
that are deployed to be more ready than those that are not. Nonde-
ployed squadrons should show progress in completing their training

30. Note that SORTS reflects the act of training for a specific task, not the
squadron’s proficiency at that task.
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matrix as the next deployment draws near. On the other hand, we also
expect that back-to-back deployments will have an adverse impact on
training opportunities and ultimately on training readiness. Further-
more, operating in areas that restrict squadron training opportunities
(such as the Adriatic, Haiti, and Somalia) should affect readiness
because of limited airspace, training ranges, etc. On the one hand, we
expect that the reduction in training opportunities would jeopardize
training readiness, especially if the unit was in that area for an
extended period of time. On the other hand, only the most ready
units would be deployed to those areas and, once there, they would
be given the highest priority for resources needed to maintain their
readiness status.

Another factor that may influence the ability of units to accomplish
their training is their current stock of ordnance, specifically training
ordnance. We could not find historical data on individual squadron
or airwing inventories over time, so we used a rather crude proxy—
the Navy’s inventory of missiles relative to platform requirements.
This measure reflects inventory relative to design requirements each
year. We expect that more missiles relative to requirements is associ-
ated with higher training readiness.

The number of officers should also be positively associated with train-
ing readiness. More officers should mean more opportunities (flexi-
bility) for the squadron to meet its requirements. Given that more
officers implies a tighter distribution around the average (the law of
large numbers), we are assuming that more officers near the average
implies more officers trained to C1 standards.3!

Finally, we expect that the F/A~18s are harder to train than the other
types of fighter and attack platforms. F/A-18s have half the number
of officers required to train for twice the missions.

31. We are also assuming that the squadron has enough money to support
these officers.



Estimation method

We initially tried to estimate a model where determinants were used
to explain the duration or number of days squadrons spend in Cl and
the number of days they spend not Cl1. The idea here is that different
factors were important for determining the length of C1 and not C1
durations. One might envision a scenario where it takes different tal-
ents to move a unit from unsatisfactory to satisfactory performance
than it takes to maintain a unit at a satisfactory level.

Our results, while believable, did not support this hypothesis. They
revealed that whatever prolongs a non-Cl period will prolong a C1
period if it is reversed. In this case, it is better to model training readi-
ness as if it were a complete process, so we did.

We used regression analysis to explain the percentage of time that a
squadron is C1 for training at any given month.32 Equation 6 repre-
sents our model.

Training = T(deployment indicator;, historical deployements, FMC flight
housrs, carrier equipment readiness, officer turnover, the number of
officers, TMS indicators) (6)

We find that the coefficients as a group are highly significant in
explaining the odds of being C1 for training. Figure 13 shows how our
predicted values match the actual values over time. Although we
underestimated training readiness during the mid 1980s, we have
been close to the actual levels since then. In fact, for some periods, it
appears that our estimates move just before the actuals; our predic-
tive values are acting as leading indicators—perhaps because we use
6-month stocks of drivers rather than a longer period, say 8 months.

32. We estimate training readiness using a logistic equation. Details are in
appendix B.
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Figure 13.
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Actual versus estimated training readiness

Fraction of month in C1

Estimation results—how drivers affect training readiness

Our results generally support our prior assumptions about the drivers
of readiness. Table 7 shows the size of the most significant drivers’
effects.

We did not find that the quality of enlisted crews had a significant
direct effect on time spent in C1 for training. Recall that we did find
a significant relationship between personnel quality and FMC rates,
and we do see that FMC rates influence training readiness. Therefore,

while personnel quality may not directly affect training, there is an
indirect effect through the FMC rates.

The relationship between flight hours and training readiness is nearly
definitional—flight hours are a necessary component of training
readiness. However, all flight hours do not contribute equally to train-
ing. Our model supports our claim that FMC flight hours, specifically
the 6-month accrual of FMC flight hours, are important to training
readiness. A 10-percent increase in the amount of FMC flight hours
accrued over a 6-month period is associated with nearly 2 additional
days in C1 for training every month.



Table 7. The impact of drivers on training readiness

Resulting
change in
training
Significant drivers readiness
Deployed relative to not deployed 19%
A7-E relative to A6-E 24%
F-14A relative to A6-E 25%
F-14B relative to A6-E -2%
F-14D relative to A6-E -11%
F-4S relative to A6-E 53%
F/A-18A relative to A6-E -33%
F/A-18C relative to A6-E -29%
A 10% increase in the average number of days the carrier is 1%
C1 for equipment
A 10% increase in the number of FMC flight hours accrued 6%
over the last 6 months
A 10% increase in 6-month officer turnover 1%
A 10% increase in the number of months deployed over the ~1%

last 6 months

The equipment readiness of the carrier is also relevant to the training
readiness of the squadron. Lowering the carrier’s equipment readi-
ness by 10 percent could cause the squadron’s readiness to fall by
nearly 1 percent.

We looked for a link between the Navy’s stock of missiles and VF and
VFA squadron readiness and found one. The relationship is positive
indicating that higher inventories are associated with higher training
readiness.>

33. We only had data for missile inventories. Therefore, we had to run a sep-
arate regression excluding VA squadrons to test for a link between
ordnance and training. Coefficients for these results are available from
the authors.
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The 6-month turnover of the squadron’s officers is associated with a
statistically significant decrease in training readiness. A 10-percent

increase in turnover will reduce time in C1 for training nearly 1 per-
cent.

Probably the most significant drivers of aircraft training readiness are
the deployment status and the TMS. Once a squadron is deployed, we
find that it spends 19 percent more time in Cl for training.®* Some
of the TMS indicators have even larger effects. The most notable is
the F/A-18C. It appears that training in the F/A-18 is much harder
than training in the other platforms, which supports our prior theory
that doubling the mission using half the crew presents a training
challenge for this aircraft.

34. We could not find a link between squadrons operating in restricted
zones and training readiness. It may be that our deployment variables
have picked up much of this effect.



Personnel quality and squadron readiness

We’ve found that the personnel quality of a squadron plays an impor-
tant role in the readiness of that squadron. That personnel quality is
important seems rather obvious; the real question is how important is
it? The problem is that personnel quality is a concept—an indicator
we all understand yet have no measure for. To provide a clear, tracta-
ble measure of such an important indicator, we have computed an
index of the quality of every squadron’s personnel. With this measure
in hand, we are free to return to our equations to explore how a
change in personnel quality is associated with changes in our mea-
sures of readiness.

The personnel quality index

Our index measures information about the experience and intellec-
tual performance of squadron personnel every month from 1982
through 1995. Note that our measure of quality refers not to recruits,
but to people who are actually assigned to a unit at any month in our
sample. It is the stock (the working Navy) rather than the flow (the
recruits) that are relevant to today’s readiness.

In computing our index, we collected data on five variables that we
believe reflect the quality of squadron personnel. There are probably
other measures that are entirely relevant to this measure and could
be added at some point. Our challenge was to find measures that are
consistently measured over time and for individual units. We used the
following:

* The percentage of the squadron with a high school degree

¢ The percentage testing in the upper mental group (categories
I, I1, and ITa) on the Armed Forces Qualification Test (AFQT)

¢ The percentage of the squadron demoted that month
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® The percentage of the squadron who were promoted to E5 or
higher with less than 4 years of experience

® The average length of service of the squadron’s enlisted per-
sonnel.

We combined these five measures into one index using a mathemati-
cal technique that resembles a weighted average. The difference is
that our weights are not arbitrarily chosen; they are chosen based on
their ability to capture as much information from the data as possi-
ble.3® The resultis one variable that captures most of the information
available from the five individual variables. When we computed the
index monthly for individual units, we had a new measure of person-
nel quality for use as a variable in the regression analysis presented in
the preceding section.

The new measure is in z-score or standard deviation units. In other
words, the units are standardized so that across the data, the average
value of the index is 0 and the standard deviation is one. While these
units are informative to some, most cannot get a feel for how to inter-
pret an index value of, for example, -1.3. One way to handle this prob-
lem is to take advantage of the historical nature of the data and use
historical benchmarks (the hollow period of the late 1970s and early
1980s, for example) to add meaning to the index values.

Figure 14 shows how our squadron personnel quality index looks
when computed for average squadrons over time. We can easily see
that our index captures the personnel quality problems of the 1970s
and early 1980s nicely. Since then, the data show a dramatic increase
in quality. In fact, the final 1995 value appears to be nearly four stan-
dard deviations higher than it was in 1982. The average value of per-
sonnel quality over this time series was in 1989. This is startling if you
consider that we fought Desert Storm with nearly that quality and we
are now about 1.5 deviations better than that position as of the end of
1995.

35. See appendix C and junor and Oi, 1996, for technical details.



Figure 14. The personnel quality index for active duty squadron personnel

What is the effect of high-quality sailors on readiness?

Now that we have established some meaning for our measurement of
personnel quality, we return our attention to assessing how a change
in quality affects readiness. We know from our regression results that
personnel quality has a significant impact on personnel readiness,
equipment readiness, and the proportion of local repairs. We also
know that equipment readiness affects training readiness. With these
equations in hand, we have the tools we need to measure the impact.

To illustrate how squadron quality affects readiness, we will run an
experiment in which we ask ourselves: How different would 1995
squadron readiness look if the high-quality 1995 crews were replaced
with lower quality 1982 crews? We acknowledge that this is a huge
change in quality, one not likely to happen overnight. However, we
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believe that it provides an interesting illustration of how quality
36

affects readiness.
To answer this question, we will use our equations to calculate an esti-
mated level of readiness using 1995 levels of everything—supplies,
deployments, manning, flight hours—everything. We will put these
estimates of personnel, equipment, and training readiness aside.
Then we will go back and mathematically “rip out” the 1995 values of
squadron quality and replace them with the lower 1982 values, leav-
ing everything else at the 1995 levels. We will then recalculate our
readiness estimates and compare the new 1982 quality estimates with
the 1995 estimates we were setting aside. The only thing that changed
in these calculations was the quality of the squadron personnel, so any
difference between these numbers can be entirely attributed to this
very large difference in quality. Figure 14 illustrates what we saw when
we compared the two sets of numbers. The figure expresses the
changes as percentage changes from the 6n'ginal 1995 value. Table 8
shows the actual change relative to the average value over the entire
time period.

The first thing we noticed was the large impact on the percentage of
time squadrons are C1 for personnel. The change in quality from the
1995 level to the 1982 level caused time in C1 to fall from 81 percent
to only 12 percent—85 percent as a percentage of the original value.
Referring to table 8, we see that the reduction in quality brought per-
sonnel readiness far below the 13-year average.

Remember from our last section that we did not find a relationship
between squadron personnel and the proportion of AIMD reported
repairs that were done on site, but we found that the ship’s enlisted
quality did matter. This was not surprising since the ship’s AIMD per-
sonnel probably have the most influence over those repairs. Conduct-
ing the exact same experiment using ship’s personnel quality, we see

36. Again, we acknowledge that this is a relatively unrealistic change in per-
sonnel quality, one not likely to occur in a short period of time. We offer
it only as an illustration. Certainly, smaller changes in quality can be
evaluated.



Figure 15. The impact of a change in personnel quality (from 1982 to 1995 levels) on readiness
measures

949 Personnel

A PQ ISquadrons

-9/30/0'

-19%
(-30%) -10%

Training

Repairableé On-Hand
A PQ ICarriers

4%

-7 %
% AIMD Repairs

Table 8. Changes in readiness relative to historical values

Predicted 1995 readiness

Predicted 1995  after substituting 1982 Historical average
Variable readiness personnel (1982 through 1995)
Personnel SORTS 81% 13% 45%
FMC rates 68% 47% 60%
Training SORTS 25% M% 74%
AIMD repairs 56% 54% 57%

that the change in quality caused a modest 4-percent drop in the
number of onsite repairs.

The impact of the change in squadron enlisted personnel also had
the effect of decreasing the FMC rate from 68 percent to 47 per-
cent.?’ This 31-percent change pulled the FMC rate below its histori-
cal average. Remember, this change left the values of all other drivers
constant at the 1995 levels. Therefore, despite the fact that the Navy

37. To do this calculation, we used our first method of estimating FMC.
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had more dependable aircraft in 1995, the reduction in quality is still
associated with reducing their ability to maintain the aircraft. The
reduction in FMC rates also had a sizeable impact on training readi-
ness. As a result of this experiment, we see that training readiness fell
by 57 percent of its 1995 value.



Concluding remarks

The purpose of our research is to increase our understanding of
readiness and its causes. If we clearly understand what readiness is
and why it changes, we are in a better position to manage it. To
develop this type of understanding, we analyzed relationships in a
rich historical database. What follows describes some of our most
notable findings and how they can be used to manage readiness.

® We have found an empirical link between measures of readiness (such
as SORTS and FMC rates) and their determinants. This link:

— Highlights which determinants are most important to readiness.
Once such determinants are identified, the Navy is in a
much better position to protect them or at least monitor
their movements. For example, we found that personnel
quality remains one of the most important determinants of
readiness. We also find that FMC flight hours, not just flight
hours, are important to training readiness. Often we hear
that flight hour funding needs to be maintained in order to
protect training. But we’ve also found that making sure
these aircraft can do their missions is also extremely impor-
tant.

— Highlights possible consequences of changing the level of these deter-
minants. Generally, we are able to show what happens to
readiness given a change in one of the determinants. Fol-
lowing from above, we show that changes in personnel
quality and FMC flight hours, for example, have a signifi-
cant impact on readiness. If the services cannot afford to
maintain the level of these determinants, at least they can
use this type of analysis to understand the risk of lowering
them.
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® Our modeling also suggests that:

— Different skills are required to move a squadron to FMC than to keep
a squadron in FMC status. This type of knowledge again helps
us understand how determinants work to affect readiness.

— There are still broad historical sweeps that we don’t understand.
For about a 5-year period in the early to mid 1980s, we are
consistently underestimating readiness. In fact, the error
terms for flight hours between failure and training SORTS
appear to be correlated over this time period. This suggests
that there is some higher level variable, possibly one mea-
suring funding, that is driving several of our readiness mea-
sures.

® We evaluated the history of readiness, its current trend, and what is
driving our current level of readiness. We’re not sure we can fore-
cast what readiness will be in the future and therefore prevent
damage to readiness, but we can at least understand what is
causing readiness to degrade now and address these issues
before things get worse.

® Most readiness indicators appear to have leveled off at fairly high val-
ues; howevey, training appears to be a potential weak spot. Unfortu-
nately, the SORTS reason code data cite “other” as one of the
most popular reasons for training deficiencies—which is of no
value analytically. By reconstructing our model estimates and
comparing them to levels of the most important drivers, we can
use this analysis to find out more about what has been happen-
ing with training readiness over the last few years.

® Indexing or summarizing competing measures of readiness are good
tools for evaluating historical trends. We’ve extended our applica-
tion of indexing from simply measuring personnel quality to
finding the best single measure of equipment condition. In the
latter case, we found that the FMC rate summarizes the infor-
mation given by several other measures of equipment condi-
tion such as mission capable rates, partially mission capable
rates, and equipment SORTS. We also found that equipment
SORTS measures a second dimension of equipment readiness
and should not be considered a substitute for FMC.



® Our results suggest that technology is related to readiness. We found
that the TMS of aircraft are important determinants of readi-
ness. This is an important finding because we have a good idea
of what our TMS profile will be over the next several years. It
also implies that it is possible to affect future readiness by plac-
ing a priority on designing reliable systems. The F/A~18 is the
prime example.
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Appendix A

Appendix A: Choosing the best measure of
equipment readiness

Given the number of variables that measure the material condition of
aircraft, we wanted to determine which indicator or combination of
indicators best describes the available information. We collected data
on the following variables monthly from 1982 through 1995 for each
squadron:

The percentage of aircraft that are partially mission capable
due to maintenance

The percentage of aircraft that are partially mission capable
due to supply

The percentage of aircraft that are not mission capable due to
maintenance

The percentage of aircraft that are not mission capable due to
supply
The percentage of aircraft that are mission capable

The percentage of aircraft that are fully mission capable

The percentage of time a squadron is Cl for equipment in
SORTS.

Our approach gathers these competing variables and uses a mathe-
matical technique called principal component analysis to compute
something like a weighted average of the original variables.3® The
process computes as many index values as there are original variables.

38. This is the same approach we used to compute the personnel quality
index (PQI) for aircraft squadron enlisted personnel used in this
research or for the surface combatant used in Junor, 1996.
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Appendix A

Each additional index explains successively less of the information
available.

Our first index of material condition (MCI) explains about 76 per-
cent of the available information. The weights are listed in table 9.

Table 9. MCI weights
MCI (1) MCI1(2)

Variable weights weights
Partially mission capable due to maintenance -37 45
Partial mission capable due to supply -37 .40
Mission capable 42 15
Fully mission capable A3 -14
Not mission capable due to maintenance -40 -.03
Not mission capable due to supply -37 -.31
Equipment SORTS .26 .70

When we graphed the data (see figure 16), we saw that the index was
better than 99 percent correlated with the fully mission capable
(FMC) rate. Given this result, we concluded that there was no advan-
tage to using this index. FMC gives the best summary measure of air-
craft equipment condition.

We did notice, however, that this index weighted equipment SORTS
significantly lower than any of the other measures. Upon further
inspection, we found that the second index was almost entirely
weighted on equipment SORTS. The conclusion here is that equip-
ment SORTS measures an entirely different dimension of aircraft
equipment condition than does the FMC rate.



Appendix A

Figure 16. The material condition index (MCI) relative to FMC

0.5 4+

Oct-8

-0.5 +

-1 4

-1.5 1

-2 - A

Oct-8

Oct-84

Oct-8
Oct-8
Oct-88
Oct-8
Oct-9

Fully mission capable rates

-
5]
C

Oct-9

O ct™8

Oct-95

57



THIS PAGE INTENTIONALLY LEFT BLANK



Appendix B

Appendix B: Technical notes on estimation
methods and marginal analysis

Estimating dependent variables that are in the form of percentages
(like percent of time in C1 or FMC) cannot be done using a simple,
linear regression technique like ordinary least squares (OLS). The
biggest problem is that the dependent variable is bound by 0 and 1
and, unless this issue is resolved, a linear technique will estimate
values outside these bounds.3? For this reason, we have chosen alter-
native estimation methods such as a logistic approach or a Markov
process (using nonlinear least squares) to estimate personnel readi-
ness, training readiness, and FMC rates. The problem with these
methods is that the results are often difficult to interpret. For exam-
ple, the estimated coefficients are not the marginal values that we
would get had we used OLS. There are also some problems in evalu-
ating the standard errors and testing for significance.*

In this section, we explain the details behind our estimation tech-
niques and the calculation of the marginal values that appear in the
text.

39. OLS, in fact, yields biased estimates in these cases. Greene (1993) pro-
vides a detailed explanation of limited dependent variables and the
problems they pose in estimation. '

40. The flight hours between failures is reasonably well behaved, and we
estimated them using OLS.
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Estimating personnel readiness, training readiness, FMC,
repairables on hand, and the proportion of AIMD repairs
using a log-odds approach

60

One approach to estimating bounded variables is to transform the
data using a logistic or log-odds approach. Suppose we have data on
the amount of time squadrons spend in C1 for training every month
(denoted TI). We can transform this variable into one that reflects
the log of the odds of being T7 for the entire month:*!

oddsT1 = [(T1)/(1-T1)] . (7)

OddsT1—also called the logit of TI—is now linear and can be esti-
mated using OLS:#2

0ddsT1 = By . (8)

Tables 10 through 14 give the reported coefficients for each of our
log-odds equations.

41. To do this calculation, we had to adjust the data so that when T1 =0, we
recoded it to T = 0.0001, and when TI =1,we recoded it to 71 = .9999.

42. This equation is heteroscedastic when applied to FMC and the two
SORTS equations. For this reason, we tried estimations using weighted
least squares. The heteroscedasticity enters in the FMC equation
because FMC is calculated for each individual aircraft, although we see
only a grouped or proportional version of these data. In other words,
our FMC rate is actually the proportion of some number of airplanes n
that were FMC. Each airplane has the same x;. The error variance for
every observation % is 1/ (n; FMC;(1-FMC)) where = is the group size.
The heteroscedasticity enters into the SORTS equation because we
(potentially) observe daily SORTS scores yet are estimating percentage
of reporting days thatare C1. Since the number of reporting days differ
among observations, we used a similar weighting method to that
described above for FMC. Instead of adjusting for the number of air-
craft, we adjust here for the number of reporting days. Since the
weighted version of the results was nearly identical to the original
unweighted version, we report the original.
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Table 10. Reported coefficients for the logit of time in C1 for personnel

Variable Coefficient  Significance®
Intercept -6.8 **
A-7E 7.8 **
F—4S 1.3 *
F-14A 0.9 **
F-14B 2.7 **
F-14D 1.6 **
F/A-18A 7.9 **
F/A-18C 5.6 **
Deployment indicator 1.2 ok
Enlisted personnel quality 3.2 **
Enlisted 3-month turnover -0.1 *
Officer 3-month turnover -0.04 **
Enlisted manning relative to requirements 0.04

Number of observations 9012

R? 28

a. A * means this variable is significant within a 90% confidence interval; a** means
this variable is significant within a 95% confidence interval.

Marginal effects

The reported coefficients are not the marginal effects of a change in
a determinant of T1. Our objective is to relate a change in a determi-
nant to the percentage of time ready 77 rather than the logit. Since
T1 is nonlinear, any marginal values calculated for it will vary depend-
ing on where the derivative is taken. We found that the easiest way to
understand the size of the impact of one determinant on our readi-
ness measures was to evaluate a general elasticity taken over all obser-
vations. Specifically, we derived an estimate of oddsT1I at all
observations (for every squadron and every month) both before and
after a 10-percent change in one of the determinants or x values. We
used the following to transform oddsT1 back to TI:

Tl = eB;/(l—eB;) ) (9)

Comparing average T1 before a change with average 71 after a
change gives us a reasonable idea of how a change in x affects
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Table 11. Reported coefficients for the logit of time squadrons are FMC

Variable Coefficient Significance®
Intercept -0.1 =
A~7E -0.1 *
F-14A -0.01

F-148B -0.02

F-14D -0.1

F/A-18A 0.06 **
F/A-18C 0.06 **
Deployment indicator 0.6 *x
Months since last deployed 0.004 **
Repairables on hand 0.002 **
Consumables on hand 0.001 *
Sorties per aircraft 0.01 **
Sorties per aircraft—deployed -0.03 **
Carrier equipment readiness 0.01 **
Enlisted 3-month turnover -0.01 **
1/(4+personnel quality index)?® -2.4 *x
Lagged FMC 0.7 **
Number of observations 8422

R? .53

a. A * means this variable is significant within a 90% confidence interval; a **

means this variable is significant within a 95% confidence interval.

b. We used this transformation to prevent the effect of personnel quality from

turning negative.

readiness. We used the same calculation for our estimates of the per-
centage of AIMD repairs, the percentage of time in C1 for personnel,
and the percentage of time in FMC (our first method of estimating
FMC). However, the FMC equation included a lagged value of the
dependent variable as a determinant, which requires a few more

calculations.

Let Y equal the “log-odds of being FMC”:

Y =log[(T1)/(1-T1)] .

We see that

Y = By +a(lagl) .

(10)

(11)
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Table 12. Reported coefficients for the logit of time in C1 for training

Variable Coefficient ~ Significance®
Intercept -8.0 **
A-7E 2.5 **
F-4S 4.8 **
F-14A 2.2 **
F-148B -0.2

F-14D 5.6 *x
F/A-18A -4.1 **
FIA-18C -3.8 o
Deployment indicator 2.1 **
Accrued FMC flight hours, 6 months 0.0001 **
Carrier equipment readiness 0.03 **
6-month deployment history -0.6 **
Average number of officers over 6 months 0.4 **
Officer 6-month turnover -0.04 **
Observations 8705

R? 0.18

a. A ** means this variable is significant within a 95% confidence interval.

Table 13. Percentage of AIMD reported repairs done at the AIMD

Variables Coefficients  Significance?
intercept 0.04

A-7E -0.01

F-4N -0.2 **
F-4S 0.01

F-14A 0.1 *
F-14B 0.1 **
F-14D -0.1 *
F/A-18A , 0.1 **
F/A-18C -0.1 **
Deployment indicator -0.1 hd
Years of service of TMS 0.01 *x
Number of days squadron is C1 for personnel 0.0002

Enlisted personnel quality for ship 0.04 **
Number of failures 0.0001 %
Consumables on hand 0.001 x
Observations 8630

R? 0.14

a. A ** means this variable is significant within a 95% confidence interval.

63



64

Appendix B

Table 14. Percentage of requests for repairables met within one day

Variables Coefficients  Significance?
Intercept -0.1

A-7E 0.1

F-4N 3.3 **
F-4S 0.3

F-14A -0.9 **
F-14B -0.01

F-14D -0.6 *
F/A-18A -0.7 o
F/A-18C -0.7 **
Deployment indicator 0.7 **
Months since last deployed 0.02 **
Percentage of items repaired at the AIMD 2.9 o
Number of failures 0.0001
Observations 8611

R? 0.04

a. A ** means that this variable is significant within a 95% confidence interval.

Solving for the marginal values of the percentage of time in FMC at
the steady state requires the following calculations:

steady(Y) = ((Y —a(lagl)))/ (1-0) = BY)/(1-a), (12)

steady (FMC) = B0/ (1-0) /(1 4 B}/ (1-a)y (18)

Steady(FMC) is evaluated at the average of all observations before and
after a 10-percent increase in one of the x values as before.

The deployment status and TMS variables are dummy variables—vari-
ables that only take on values of 0 or 1. Since it does not make sense
to increase this type of variable by 10 percent, we used the equations
above to estimated readiness for all deployed squadrons. Then, we
pretended these squadrons were now nondeployed by changing the
value of the deployment variabe from 1 to 0 and recalculated readi-
ness. The only variable we changed was the value of the deployed vari-
able. The difference should reflect the impact that being deployed
had on readiness. We calculated the impact of the TMS variables the
same way.
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Estimating flight hours between failures using OLS

The number of flight hours between failures calculated per squadron
per month is continuous and unbounded. We estimate it using OLS.
Table 15 lists the estimated coefficients.

Table 15. Reported coefficients for flight hours between failures

Variables “Coefficients  Significance®

Intercept 0.04

A-7E 0.2 **
F-4N 0.2 **
F-4S 0.2 *E
F-14A 0.03 *
F-14B -0.1

F-14D 0.4 *x
F/A-18A 0.8 ok
F/A-18C 1.1 **x
Deployment indicator 0.2 *
Months since last deployment 0.01 **
Flight hours per aircraft 0.01 **
Sorties per aircraft 0.001 **
Sorties per aircraft—deployed -0.01 : *
Number of aircraft 0.01 o
Observations 8644

R? A4

a. A * means this variable is significant within a 90% confidence interval; a **
means this variable is significant within a 95% confidence interval.

In this case, the reported coefficients are the marginal values. For
completeness, however, we calculated elasticities for this equation in
the same general manner as the other equations—we used the esti-
mated coefficients to calculate flight hours between failures for every
squadron for every month and compared the average values before
and after a 10-percent change in a determinant. Because there are no
nonlinearities are involved, the value of the marginals taken at the
averages and the average of the marginals taken at the individual
observations should be the same.
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Estimating FMC using a Markov process

Introduction

Here we present details of the structure, derivation, and application
of the Markov chain model. In the first section of the appendix, we
described the model without explanatory variables; we did this to
make the underlying concepts and intuition as clear as possible. The
next section describes the way in which explanatory variables can be
incorporated into the model and explains why we chose the particu-
lar functional form that we did. In later sections, we take up
heteroscedasticity, the treatment of varying numbers of aircraft, and
the estimation methods and variables used.

Basic model

We construct the basic model by supposing that there are two comple-
mentary probabilistic mechanisms working on individual aircraft. A
plane is assumed to be in one of two discrete states: FMC or not FMC.
A plane that is currently FMC is assumed to have a probability P; of
being not FMC next period, and therefore a probability of 1 - P; of
still being FMC in the next period. A plane that is currently not FMC
is assumed to have some probability P, of returning to FMC next
period—and, of course, a probability of 1 - P, of remaining not FMC.
In general, Py and P, are not directly related to each other. We will
assume for the moment that all aircraft are the same and that the out-
come for one plane is independent of what happens to any other
plane. Now, take the total number of planes to be fixed as V. Then the
total number of planes that are FMC next period is the sum of two
binomial random variables as follows:

FMC,, | = Bi(FMC,1-P)) + Bi(N-FMC, P,) . (14)

.Since E[Bi(x, P)] = xP, the expected value of the FMC rate at

time #+1, given the FMC rate at time §, is

EFMC,, |FMC) = (1-P,)FMC,+ P,(N-FMC) . (15)
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Itis then straightforward to solve for a stationary point in the process
by setting EXFMC,, |FMC) = FMC, . The result is

NP.

2
FMC,, = 7 p, -

(16)

We use the “ss”subscript to evoke the idea of a steady state; note, how-
ever that FMC,, is not—strictly speaking—a steady state. If FMC, =
FMC,, itdoes not in general follow that FMC,, ; = FMCbecause of the
random fluctuation associated with the proce:ss."‘3

Next, define o = P, + P,— 1. We can then manipulate equation 15 to
read

EFMC,, |[FMC) = FMC,,— a (FMC,~ FMC_) . (17)

Conveniently, this is a standard form for a first order autoregressive
process and is denoted by AR(1). To estimate this equation, however,
we must consider the nature of an associated error term. This is not
unduly difficult, although one complication does arise. The good
news is that our model stems from the sum of a pair of binomial
random variables; it is well established that the binomial can be well
approximated by the normal under a wide range of parameteriza-
tions.** It is therefore reasonable to think in terms of an additive
normal error term, which is helpful. The bad news is that the vari-
ances of the binomial random variables—and the variance of their
sum—is not in general uniform. We will discuss the latter problem,
and the steps we have taken to deal with it, in a later section of this
appendix; for now, we will leave it to one side.

Two consequences of this modeling approach are now apparent. The
first is simply that we have found an explanation for the autocorrela-
tion that we have observed in the FMC data. We can generally expect

43. The analogous deterministic system has a steady state which is exactly
that given by equation 16, so in that sense FMC, can be thought of as a
steady state.

44, For an example, see Mansfield (1983).
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an AR(1) process to exhibit first order autocorrelation, and we have
detected that in both the F-14 and F/A-18 FMC series.*

The other interesting consequence of using this method is that we
can produce estimates of both P; and Py. By estimating equation 17,
we can get estimates for both FMC, and ¢ ; since each of those is a
function of Pyand P,, we have two equations in two unknowns and so
can solve for P; and P,. The reason we can do this is that we are
making use of both the series mean and its autocorrelation—the two
together contain more information than a simple mean. We can also
think of it as making use of both the series mean and the order in
which the observations occur.

Although the connection between Markov processes and first order
autocorrelation is fairly well known, the idea of estimating parame-
ters of a Markov chain from an aggregate measure hasn’t received
much attention. However, we have found one reference—Basawa and
Prakasa Rao (1980)—that describes a model that is virtually the same
as the one we present here. Thus we have found at least one citation
that confirms the validity of our approach.

A final note: there is a correspondence between this type of model
and another class of estimable models. Survival or “hazard” models
are used widely in engineering and the social sciences in situations
where there is a relationship between explanatory variables and dura-
tion in a state or time to failure. The underlying structure of such
models is frequently similar to, and sometimes the same as, the one
we assume for the Markov chain model. We are not using that
approach here because, to apply a hazard model empirically, we need
data on the individual units, i.e., planes. Think of our Markov chain
model as a second-best approach for dealing with occasions such as
this one where plane-level data are not available.

45, The order of the autocorrelation has been established in two ways using
various SAS routines. First, we examined plots of the relevant partial
autocorrelation functions. Then, as a check, we conducted a backward
elimination of insignificant lag terms. The evidence from both
approaches was unambiguous—the processes are first order.
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Incorporating explanatory variables

If this effort is to have any policy relevance, explanatory variables
must be included in the model. The form of the model makes this
somewhat more complicated than is usually the case in a linear
model, since the variables of interest are explaining not the ultimate
dependent variable—the FMC rate—but rather are affecting the
entry and exit probabilities to and from FMC (P; and Pp). Thus we
are thinking in terms of treating P;and P,as functions of the explan-
atory variables, with the FMC rate in turn being a function of P;and
P,

The central question here is, what functional form should be
assumed for the relationships between the explanatory variables—
henceforth, the x$—and P; and Py? We can specify a simple linear
form as follows:

P=Bxi=12. (18)

This formulation is relatively easy to work with. Specifically, it can be
shown that the resulting equation for FMC rates can be estimated
using ordinary least squares (see Trost 1996). Thus far, we have not
attempted to use this linear form, because it allows for the possibility
of probabilities outside of the 0 - 1 range. However, it would probably
be worthwhile to try itat some point in the future—if only as an alter-
native way of developing starting values for the nonlinear model
which we will now describe.

We have chosen to assume a logistic relationship between P; and the
explanatory variables. This takes the following form:

B

1+ eB‘x

P, = (19)

Our reason for doing this is the usual one: We wanted a functional

form that constrains the predicted P;’s to fall between 0 and 1. The

FMC rate equation then becomes
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Bz"
e
(N FMC) e, - (20)

B,x
el

l+ele

FMC,, , = [1 - ]FMct+

Use of this form has some important implications for estimation
methods which we discuss below. Meanwhile, we end this section with
two observations concerning the x’s. The first is that the notation we
have used should be interpreted to include a constant (i.e., BOi) . The
other is that we have not subscripted the x’s, on the principle that any
given variable could help explain either or both of the P;’s. Although
we have found in practice that no variable seems to have significant
explanatory power in both equations, in principle, one could.

Heteroscedasticity

The binomial random variables that appear in equation 14 have vari-
ances that are functions of both arguments—Var[Bi(x,p)]=xp(1-p).
Since the observed FMC rate will vary from one period to another,
this means that, in general, the variances of the error terms will vary
also. We have accommodated this by weighting the observations
according to the sum of the calculated variances, where the calcu-
lated variances are based on the actual FMC rate and number of air-
craft at time ¢ as well as the estimated values of P; and P,. Since the
estimation method we use is an iterative numerical épproach, this
means that the weights are recalculated and reapplied with every iter-
ation.

Varying numbers of aircraft

In the discussion thus far, we have assumed that the number of air-
craft is fixed. The reality is that the number of aircraft has varied over
time. There are two quite different reasons for this variability:

e Introduction of new and retirement of old aircraft TMS
¢ Entry into or exit from reporting.

The first of these reasons is normal and needs no elaboration, but the
second bears some discussion.
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Under certain circumstances, a plane that is no longer fully mission
capable need not be counted for the purposes of calculating a squad-
ron’s FMC rate. For the purposes of our modeling efforts, the impli-
cation of this is that, in reality, a plane can be in a third state: not
reporting. We did not have data on this particular state at hand, how-
ever, so we had to find some way to cope with movements into and out
of reporting. We do have information on the number of aircraft on
hand, which makes it possible to deal with this matter in an admit-
tedly oversimplified way. ’

Our method for coping with changes in the number of aircraft was to
make an assumption about what state a plane is in prior to leaving
reporting status, and make a similar assumption about the state of a
plane that returns to reporting status. In principle, it makes sense to
suppose that a plane returning to reporting status is FMC, while one
that leaves is perhaps not FMC prior to leaving. This is because the
squadron’s leaders wish to report as high an FMC rate as possible;
they will therefore want to have any available FMC plane in reporting
status. Unfortunately, our ability to specify these sorts of assumptions
was limited because of limitations in the software we were using. This
forced us to treat entering and exiting aircraft in the same way. We
experimented with assuming that entering and exiting aircraft were
all FMC, all not FMC, or FMC in proportion to the state of the rest of
the squadron. We got the best results with the assumption that all air-
craft leaving and entering reporting were FMC the month before—
this became our working assumption. The resulting equation we esti-

mated was
By Py
FMC -(1 ¢’ }FMC+ L ——(N-FMC) +
t+1 1+eB1x ¢ 1+eB2x ¢
ANumber(a/c) +¢€,, | . (21

This approach is arguably too simplistic; it may be possible in the
future to employ a more sophisticated approach such as working with
a truly multinomial—rather than binomial—structure. '
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Estimation details

We estimated equation 21 using SAS Proc Nlin with the Marquardt
search option, step halving switched off, and iterative reweighting to
deal with the heteroscedasticity described earlier. We initialized
parameter estimates at zero, though we did experiment with other
starting points. This often resulted in the procedure failing to con-
verge. In general, nonconvergence was a problem.

Proc Nlin reports asymptotic 95-percent confidence intervals for the
parameter estimates. We used these as the basis for our conclusions
concerning statistical significance. However, these results should be
treated with caution. The iterative reweighting of the observations
means that what is being minimized is not—strictly speaking—Ileast
squares, so the standard errors may not be valid even asypmtotically.
We have nonetheless taken these as a benchmark—mainly because we
have no workable alternative. Further investigation may validate the
use of these intervals, or we may find another way around the prob-
lem. Basawa and Prakasa Rao (1980) propose a different way of han-
dling the heterosedasticity that may resolve this issue. In the
meantime, the reader should keep in mind that the significance tests
are suspect.

The variables that we found to be significant are listed in the main
body of this report. Here we list other variables we tried whose param-
eter estimates we found to be not significant:

¢ Utilization rates (highly correlated with sorties/plane)
® Personnel SORTS (correlated with the PQI)

® Officer quality (as measured by flight school scores)

® Enlisted turnovef

® Carrier supply SORTS (for deployed squadrons)

® Response time for spares requests (highly correlated with the
percentage of repairs accomplished in one day)

® Months since last deployment.
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A note about months since last deployment—we used both it and its
square to capture the notion that nondeployed squadrons would
experience a trough in readiness and then rebound as the next
deployment approaches. Although the parameter estimates were
small and insignificant, they were of the signs that we expected and
indicated that the bottom of the trough would occur at about 10
months from the last deployment, which seems about right.

Conclusion

The Markov model has some disadvantages—it is unwieldy to work
with and raises some subtle statistical issues. However, it does appear
to capture the character of the data and the underlying process by
which it is generated. It can also explain the autocorrelation in the
data in a way that a conventional linear model cannot. We consider it
to be a promising but as yet unproved alternative method for analyz-
ing and forecasting readiness data.
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Appendix C: The personnel quality index (PQI)

The enlisted personnel quality index is calculated in the exact same
manner as it was in Junor, 1996. We refer readers to that research for
specific technical details.

The means by which the index is calculated is, again, principal com-
ponent analysis. We applied the technique to the following variables:

¢ The percentage of the squadron with a high school degree

® The percentage testing in the upper mental group (categories
I, II and IIIA) on the Armed Forces Qualification Test (AFQT)

® The percentage of the squadron demoted that month

The percentage of the squadron who were promoted to E5 or
better with less than 4 years of experience

The average length of service of the squadron’s enlisted per-
sonnel. '

We computed an index two ways. First, for each squadron, by month,
from 1982 through 1995. This index is used as a variable in our readi-
ness equations. We also computed an index for average squadrons,
monthly, from 1982 through 1995. This is the version shown in the
diagram in the text. The results are very similar.

The time series index captures about 85 percent of the information
available in the data, whereas the panel version explains about 51 per-
cent.*® Table 16 lists the weights.

46. It is always more difficult to explain panel data than averaged, time
series data. Think of it as the difference between having to explain what
a specific steadier is doing in a given month versus what the average
squadron is doing for the same month. There’s a lot more random noise
happening on the panel in individual level.
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Time series Panel
Variable weight weight
The percentage with a high school degree 45 51
The percentage in the upper mental group 43 .38
The percentage demoted -.42 -.28
The percentage of rapid advancements -47 -.51
The average length of service 46 .50
Explanation of available information 85% 51%
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Appendix D: A closer look at the data—variable
definitions and summary statistics

The data we used for this analysis are for individual VA, VF, and VFA
squadrons and go back monthly from 1982 through 1995. The data
sources include the Enlisted Master Record (EMR), the Officer
Master Record (OMR), the Ship Information Digest (SID), the Air-
craft Information Database (AID), the Naval Sea Logistics Center, the
SORTS database, and the ship employment history database. Here we
describe each variable we use in the modeling and provide summary
statistics for them.

Variable definitions

We use the first set of variables as dependent variables in our equa-
tions. They each provide a measure of readiness in one of the

resource areas.

Personnel: This variable is derived using SORTS data. It is cal-
culated as the fraction of the month that a squadrons is C1 for
personnel.

Training: This is also a SORTS variable. Like personnel, it is cal-
culated as the fraction of the month that a squadron is Cl for
training.

FMC: This variable refers to the percentage of time the squad-

ron’s aircraft are able to complete all their missions.

Flight hours between failures: Here we count the number of
flight hours flown per squadron per month and divide by the
total number of reported failures.

AIMD repairs: For this variable, we calculated the probability
that all items processed through the AIMD were actually
repaired at the AIMD.
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This set of variables measures aspects of a squadron’s deployment
cycle:

¢ Deployed indicator: Value is equal to 1 if the squadron is
deployed that month, 0 otherwise.

® Deployment history: The number of months, out of the last 6,
that the squadron was deployed.

® Months since last deployed: Value is equal to the number of
months since the squadron was last deployed. Value is equal to
0 if the squadron is currently deployed.

These variables measure the rate at which aircraft are flown:

¢ Flight hours: The average number of flight hours flown by a
squadron in a given month.

e Utilization rate: The number of flight hours divided by the
number of aircraft in that squadron. This is calculated monthly.

® Sorties: The number of sorties flown by a squadron per month
divided by the number of aircraft.

The following list describes manpower variables:

® Personnel quality: This is the value of the personnel quality
index described in appendix C. The measure is for enlisted per-
sonnel per squadron per month.

¢ Enlisted manning: This is a weighted sum of enlisted personnel
in each pay grade, weighted by pay. The sum is divided by the
number of billets for that squadron.

¢ Number of officers: This is the number of officers assigned to a
squadron divided by the number of reporting aircraft.

e Officer turnover (3 month): This variable measures the
number of officers present for any given squadron that were
not there 3 months ago.

® Officer turnover (6 month): The same as above, only lookihg
back 6 months.
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® Enlisted turnover (3 month): This variable is calculated exactly
the same as the officer 3-month turnover, but this version
counts enlisted personnel.

These are our set of supply-related variables:

® Consumables on hand: The percentage of time that requests
for consumables are filled within a day.

® Repairables on hand: The percentage of time that requests for
repairables are filled within a day.

® Response time for consumables: The average number of days
required to fulfill a consumables request.

® Response time for repairables: The average number of days
required to fulfill a repairables request.

Summary statistics

The tables below list descriptive statistics for all the variables used in
our modeling. For each, we have provided a mean, standard devia-
tion, minimum, and maximum. Table 17 lists the statistics for our
dependent variables; whereas table 18 lists the statistics for our inde-
pendent variables. Finally, table 19 indicates the mix of aircraft types
in our data. All variables are computed per squadron per month
unless otherwise specified.

Table 17. Summary statistics for dependent variables

Flight hours
between AIMD

Statistic Personnel Training failures repairs FMC
Mean 45.3 42.3 .86 56.7 60.2
Minimum 13.0 0.0 0.05 50.1 36.3
Maximum 85.4 73.6 1.28 60.8 75.1
Mean occurs: Jul-89 Oct-83 Jun-90 May-93 Oct-91
Minimum occurs: Jan-82 May-82 Jan-83 Dec-95 Sep-82
Maximum occurs: Oct-95 Nov-87 Mar-93 Dec-89 Apr-95
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Standard
Variable Mean =~ deviation Minimum = Maximum
Deployed indicator 32 47 0 1
Months since last deployment 6.5 7.3 0 46
Number of months (out of past 6) squadron 1.9 2.2 0 6
has been deployed®
Number of aircraft 10.1 2.3 0.1 245
Average age of aircraft TMS 14.5 6.9 0 28
Sorties per aircraft 19.4 8.4 0 161
Deployed sorties per aircraft 6.3 10.2 0 161
Flight hours 331.2 153.7 1 1463
Flight hours per aircraft (utilization) 33.4 14.4 0.10 143
6-month accrual of FMC flight hours? 118,287 46,753 616 328,830
Number of officers, 6-month average® 2.6 1.4 0.82 25.9
Enlisted manning relative to billets 93 8.7 8.3 141
Officer 3-month turnover 9.4 7.7 0 78.6
Officer 6-month turnover 18.6 10.5 0 81.3
Enlisted 3-month turnover 9.7 4.5 0 67.3
Enlisted personnel quality (squadron) -0.003 1.00 -3.1 2.9
Enlisted personnel quality (ship) -0.002 0.59 -4.3 1.2
Probability of having consumables on hand 73.1 22.8 0 100
Probability of having repairables on hand 76.0 22.5 0 100
Average response time for consumables 8.9 22.7 0 309.7
Average response time for repairables 7.4 21.3 0 365.0
Number of days per month ship is C1 for 5.3 11.0 0 31
equipment
Total number of days ship is C1 for equip- 31.4 49.6 0 185

ment over last 6 months

a. These variables represent computations spanning 6 months. These variables were used in our training equation.

b. To calculate this variable, we first multiply the FMC percentage (ranges from 0 to 100) by the number of flight
hours per squadron per month. Then we summed these products over the last 6 months. Therefore, the average
number of FMC flight hours for a squadron for a month would be 197.
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Table 19. Aircraft mix

Type Frequency Percent
A-6E 2,022 22.1
A-7E 1,708 18.6
F-4S 102 32.6
F-14A 2,984 32.6
F-14B 195 2.1
F-14D 89 9.7
F/A-18A 885 9.7
F/A-18C 1,177 12.8
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